filtering for complete predictions (starting with start codon and ending with 140 stop codon), and filtering for evidence from multiple reference organisms. In 141 addition, GAF also joins duplicate predictions that originate from different 142 reference transcripts. 143 Initially, GAF filters predictions based on their relative GeMoMa score, i.e., 144 the GeMoMa score divided by the length of the predicted protein. This filter 145 removes spurious predictions. Subsequently, the predictions are clustered 146 based on their genomic location. Overlapping predictions on the same strand 147 yield a common cluster. For each cluster, the prediction with the highest 148 GeMoMa score is selected. Non-identical predictions overlapping the high- 149 scoring prediction with at least a user-specified percentage of borders (i.e., 150 splice sites, start and stop codon, cf. common border filter ) are treated as 151 alternative transcripts. Predictions that have completely identical borders 152 to any previously selected prediction are removed and only listed in the GFF 153 attribute field alternative. All filtered predictions of a cluster are assigned 154 to one gene with a generic gene name. Finally, GAF checks for nested genes 155 4 in the cluster looking for discarded predictions that do not overlap with any 156 selected prediction, which are recovered. 157 In addition to the modules for annotating a genome (assembly) described 158 above, we also provide two additional modules in GeMoMa for analyzing 159 and comparing to prediction to a reference annotation. The module Com- 160 pareTranscripts determines that CDS of the reference annotation with the 161 largest overlap with the prediction utilizing the F 1 measure as objective func-162 tion (Keilwagen et al., 2016) . The module AnnotationEvidence computes tie 163 and tpc of all CDSs of a given annotation. Hence, these two modules can be 164 used to determine, whether a prediction is known, partially known or new 165 and whether the overlapping annotation has good RNA-seq support. 166 2.2 MAKER2 predictions 167 Recently, we have shown that GeMoMa outperforms state-of-the-art 168 homology-based gene predictors (Keilwagen et al., 2016) . We are not aware 169 of any homology-based gene prediction program that allows for incorporat-170 ing of RNA-seq data. Hence, we provide predictions of MAKER2 using 171 the same reference proteins as GeMoMa for a minimal comparison. In-172 ternally, MAKER2 uses exonerate (Slater and Birney, 2005) for homology-173 based gene prediction. We run MAKER2 with default parameters except 174 protein2genome=1, and genome and protein set to the respective input 175 files. In addition, we run MAKER2 using (i) RNA-seq data in form of et al., 2008) . In this case, we 179 run MAKER2 with default parameters except genome, est, protein, and 180 augustus_species, which have been set to the corresponding species. For 181 comparison, we run Maker2 with the same parameter settings but using the 182 GeMoMa predictions for protein_gff instead of using protein. 184 Computational pipelines have been used to infer gene annotation from RNA-185 seq data produced by next generation sequencing methods. Dozens of tools 186 and tool combinations have been proposed. Here, we focus on the short 187 read mapper TopHat2 (Kim et al., 2013) , the transcript assemblers Cuf-188 flinks (Trapnell et al., 2010) and StringTie (Pertea et al., 2015) , and the cod-189 ing sequence predictor TransDecoder (Haas et al., 2013) . Based on the tran-190 script assemblers, we build two RNA-seq pipelines following the instructions 
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For the benchmark studies, we consider target species and their genome ver-194 sions as specified in the BRAKER1 supplement. For the homology-based pre-195 diction by GeMoMa, we choose one closely related reference species per target 196 species that are sequenced and annotated (Rawat et al., 2015; Howe et al., 197 2016; Matthews et al., 2015; Rhind et al., 2011) . For these species, we con-198 sider the latest genome versions available (Tab. S1). For the analysis of 199 C. elegans, we use the manually curated gene set of C. briggsae provided 200 by Wormbase. In addition, we use the experimental evidence from RNA-seq 201 data referenced in the BRAKER1 publication.
202
For the analysis of the four nematode species, C. brenneri, C. briggsae, 203 C. japonica, and C. remanei, we use the genome assembly and gene an-204 notation of Wormbase WS257 (Howe et al., 2016) . We choose the model 205 organism C. elegans as reference species (Tab. S2). In addition to genome 206 assembly and gene annotation, we also use publicly available RNA-seq data 207 of these four nematode species, which have been mapped by Wormbase us-208 ing STAR (Dobin et al., 2013) . We used a minimum intron size of 25 bp, a 209 maximum intron size of 15Kb, specify that only reads mapping once or twice 210 on the genome are reported, and alignments are reported only if their ratio 211 of mismatches to mapped length is less than 0.02. In accordance with the 212 previous benchmark study, we use the manually curated gene set of Worm-213 base.
214
For the analysis of barley, we use the latest genome as-215 sembly and gene annotation (Mascher et al., 2017) .
As The comparison of different software pipelines is often critical as a) specific 232 parameters settings might be crucial for good results and b) different input 233 might be used. For these reasons, we designed the benchmark as follows.
234
First, we use publicly available gene predictions results. Second, we limit the 235 number of reference species to one in the initial study. 236 We used GeMoMa for predicting the gene annotations of A. Figure 1 : Benchmark results. The y-axis depicts the difference between the GeMoMa with RNA-seq data and the BRAKER1 performance.
performance of GeMoMa.
272
Summarizing these three observations, we find that GeMoMa performs 273 better than purely homology-based or purely RNA-seq-based pipelines and 274 that including RNA-seq data improves the performance of GeMoMa.
275
Hence, we compare GeMoMa to combined gene prediction approaches.
276
Specifically, we compare the performance of GeMoMa using RNA-seq evi-277 dence to BRAKER1 in Fig. 1 Figure 3 : Summary of difference for GeMoMa predictions with tie=1. The relaxed evaluation (left panel) depicts differences between GeMoMa predictions and annotation without any filter on the annotation, while the conservative evaluation (right panel) applies additional filters for the annotation (cf. main text). Predictions that do not overlap with any annotated CDS are depicted in yellow, Predictions that differ from annotated CDSs only in splice sites are depicted in green, predictions that have additional exons compared to annotated CDSs are depicted in turquoise, predictions that missed some exons compared to annotated CDSs are depicted in blue, predictions with additional and missing exons compared to annotated CDSs are depicted in pink, predictions that only differ in the start of the CDS compared to annotated CDS are depicted in red, and any other category is depicted in gray.
Analysis of nematode species 394
The relatively poor results for C. elegans in the benchmark study, might 395 be due to insufficiencies in the current C. briggsae annotation. Hence, we 396 decided to scrutinize the Wormbase annotation of four nematode species com-397 prising C. brenneri, C. briggsae, C. japonica, and C. remanei based on the 398 model organism C. elegans. We compare GeMoMa predictions with manu-399 ally curated CDS from Wormbase. Based on RNA-seq evidence, we collect 400 multi-coding-exon predictions of GeMoMa with tie=1 and compare these to 401 the annotation as depicted in Fig. 3 .
402
In summary, we find between 6 749 differences for C. briggsae and 12 903 403 for C. brenneri (cf. Fig. 3(a) ). start codon compared to the annotation, we filter for tpc=1 of the GeMoMa 420 prediction and tpc<1 for the annotation obtaining between 14 and 149 for 421 C. brenneri and C. remanei, respectively. In summary, we obtain between 422 1 065 predictions differing from the annotation for C. briggsae and 4 735 pre-423 dictions for C. brenneri, respectively (cf. Fig. 3(b) ) using these strict criteria.
424
Despite the overall reduction of transcripts considered, GeMoMa predictions 425 that missed exons compared to annotated CDSs are the largest category for 426 all four nematode species.
427
For both evaluations, we find that the predictions for C. briggsae are in 428 better accordance with the annotation than the predictions of the remaining 429 three nematode species. One possible explanation might be that the anno- ). This is additional evidence that the annotation pipeline employed 438 has a decisive influence on the quality and completeness of the annotation.
439
In addition, we checked for C. brenneri whether the GeMoMa predictions 440 partially overlap with cDNAs or ESTs mapped to the C. brenneri genome. In 441 472 cases, the prediction overlaps with a cDNA or EST, but not with the an-442 notation. In 364 out of these 472 cases, the prediction has tie=1. Alternatively, we can utilize the number of reference organisms that sup-475 port a prediction (#evidence) to filter the predictions as noted for D. 476 melanogaster. This approach will decrease sensitivity, but increase speci-477 ficity obtaining predictions with a high confidence. Although, we find the 478 most predictions with #evidence = 1, we also find about 3 500 predictions 479 with #evidence > 1, more than 1 100 of these predictions are additionally 480 supported by RNA-seq data or ESTs. Interestingly, we find that GeMoMa works especially well for 499 D. melanogaster in the benchmark study compared to the performance of 500 its competitors. One possible reason could be that Flybase used homol-501 ogy and RNA-seq data besides other evidence to infer the gene annota-502 tion (Matthews et al., 2015) . In contrast, we find the worst results in C. el-503 egans in the benchmark study, which might be related to the fact that 504 the C. elegans gene set contains many rare isoform community submissions 505 whereas C. briggsae was annotated by a large scale gene predictions effort 506 based on RNA-seq.
507
Scrutinizing the annotation in Wormbase, we predicted protein-coding 508 transcripts for four nematode species based on the annotation of the model 509 organism C. elegans. We find that a substantial part of the GeMoMa pre-510 16 dictions is either missing, marked as modification of annotated transcripts 511 or alternative transcripts. Especially for the three nematodes, C. brenneri, 512 C. japonica and C. remanei, that are annotated solely using ab-initio gene 513 prediction, we find a large part of the annotation that is marked as ques-514 tionable or missing. This may give an indication, why homology-based gene
